The main objective of this study is to understand the turbidity behavior of an Amazon Floodplain Lake. Observations of turbidity provide quantitative information about water quality. However, the number of available in situ measurements for water quality determination is usually limited in time and space. Here, we present an analysis of the temporal and spatial variability using two approaches: (i) the first is based on wavelet analysis of a turbidity time series measured by an automatic monitoring system;
Introduction
Turbidity is an important optical parameter in aquatic systems because it affects aquatic organisms at every level of the food chain, from microscopic algae to fish, by preventing sunlight penetrating the water column. Turbidity essentially depends on the amount of particulate material suspended in the water, which includes and is influenced by phytoplankton, sediments from erosions, re-suspended sediments from the bottom, waste discharge, algae growth and urban runoff (Han and Rundquist, 1998; Wetzel, 2001) . Because the suspended particles absorb heat from the sunlight making turbid waters become warmer, and so reducing the concentration of dissolved oxygen in the water column is reduced (Kirk, 1983) .
Turbidity is measured in nephelometric units (NTU), which refers to the type of instrument (turbidimeter or nephelometer) used for estimating light scattering from suspended particulate material. The well-known Secchi depth (visual technique which requires manually lowering a painted disk into the water) is the most common measure of turbidity (Wetzel, 2001 ). However, this parameter is hard to map in dynamic and complex environment such as floodplains, which periodically oscillates between terrestrial and aquatic phases (Junk, 1997) . According to (Meade et al., 1985) floodplains play a major role in the storage of suspended solids transported from the Andes, with 80% of these suspended solids from the Amazon River corridor entering the floodplains being temporally deposited (Mertes et al., 1996) .
The amount of suspended material in water masses is related to changes in flow and the resulting turbidity affects the zooplankton community (De Leo and Ferrari, 1993) as well as its composition (Wetzel, 2001 ) and phytoplankton production. It eliminates the most sensitive organisms (Miquelis et al., 1998) and modifies competition between zooplankton taxa (Wetzel, 2001) .
Besides the actual level of turbidity, the duration of high turbidity events is also important. Very high levels of turbidity for a short period of time may not be significant and may even be less of a problematic than a lower level that persists longer (Newcombe, and Jensen, 1996) . Algal turbidity varies seasonally and with depth in a complex manner in response to physical, chemical and biological changes in the water body. Inorganic and detrital particles from the watershed vary largely in response to hydrological events such as storms (Stech and Lorenzzetti, 1992; Tundisi et al., 2004) .
Moreover, the suspended sediment concentration plays a major role in turbidity enhancement (Roozen et al., 2003) .
The study of water quality in these environments has been based mostly on datasets obtained at different sites or along track lines occupied during cruises (Jerosch et al., 2006) . Moreover, the number of in situ measurements of water quality is limited and especially the number of time series and of spatial maps of variables (Zhang et al., 2003; George, 1997; Dekker et al., 2002; Tyler et al., 2006 ) is scarce. To identify any type of fast alteration suffered by systems variables (pulses), long term environmental time series of continuously collected data are fundamental to identifying and classifying pulses and determining their role in aquatic systems (Stech et al., 2006 , Pednekar et al. 2005 ).
With the availability of time series and the sampling of variables at different places wavelet analysis (Meyers et al., 1993; Kumar and Foufoula-Georgiou, 1997) can be used to study the time localized frequency content of the signal. Geostatistics (Bellehumeur et al., 2000; Hedger et al., 2001) can be used to assess the spatial variability patterns of variables.
Using geostatistical methods (Bellehumeur et al., 2000; Isaaks and Srivastava, 1989; Goovaerts, 1997; Burrough, 2001 ) some authors show that during a hydrological cycle the turbidity distribution change because of water level dynamics, water flow regimes, wind intensity, precipitation regimes and hydrodynamics (Alcântara et al., 2008) .
Moreover, long-term high frequency time series of environmental variables are fundamental to identify and classify pulses or short-term variability in the data and to determine their impact in aquatic systems (Meyers et al., 1993) . Pulses are defined as any type of fast change suffered by the system variables (Stech et al., 2006) . Ideally, time series of aquatic systems are collected by automatic stations with the capacity of autonomous monitoring of limnological and meteorological variables (Glasgow et al., 2004; Stech et al., 2006) . With the installation of an associated telemetric link the constant surveillance provided by these systems makes it possible to rapidly detect changes and trends in critical indicators (Glasgow et al., 2004) . The high frequency, complexity and volume of the data generated by those telemetric monitoring systems requires the use of efficient analytical tools such as wavelet analysis (Meyers et al., 1993 ).
Here we show that the combination of high resolution time series and spatial data allows for a better understanding of the turbidity dynamics in the Amazon floodplain.
Based on this, in this paper the main objective is to map the spatial distribution of the turbidity along the hydrologic cycle and identify factors controlling its short time variability.
Study Site and Background
The Curuai floodplain (Figure 1 ) covers an area varying from 1340 to 2000 km 2 at the low and the high water levels, respectively; with a maximum volume reaching 9.3 Km 3 (Martinez and Le-Toan, 2006 and 15%, respectively. The groundwater reservoir contribution was highest at the end of December reaching 5% of the mixture (Bonnet et al., 2008) .
The lakes are connected to each other and also to the Amazon River. The Curuai floodplain is controlled by the Amazon River flood pulse, which creates four water level stages in the floodplain-river system. Water storage in the floodplain starts between November and January and lasts until May-June. The drainage phase starts in July and lasts until November. The largest exported volume occurs from August to
October. On an annual basis, the floodplain represents a source of water to the Amazon River (Bonnet et al., 2008) . The residence time of the riverine water within the floodplain is 5 ± 0.8 month, while the residence time of water from all sources is 3 ± 0.2 months (Bonnet et al., 2008 et al., 2007) . According to (Moreira-Turcq et al., 2004 ) the Curuai floodplain is a sediment accumulation system, with high rate of bottom deposition in some specific lakes (i.e. Santa Ninha Lake, 1 cm yr -1 ). Of the influx of suspended material from the Amazon River into the floodplain, about 50% is deposited. The author (Amorim, 2006) shows that in general manner the suspended materials in the Curuai floodplain is composed mainly of silt and clay (Figure 2 ). Another important parameter to turbidity generation in floodplain systems is water level dynamics (Roozen et al., 2003) . The water level dynamics in Curuai floodplain is modulated by the water level near the Óbidos city (see Figure 1) that characterizes the water level dynamics. A theoretical exchange of water between the floodplain and the Amazon River is shown in Figure 4 , based on (Barbosa, 2005) . Closer to the maximum water level in the floodplain, the exchange with the river is very low and the surface water circulation is caused mainly by wind (Alcântara et al., 2008) . In the receding state the exchange of water between the river and the floodplain is reversed, i.e., there is a flux is from the floodplain to the river. When the water level drops to the lowest water level, the exchange of water between the river and the floodplain reaches its minimum. In summary, the floodplain stores water during the rising stage of the Amazon River and releases it when the river level is decreasing (Maurice-Bourgoin et al., 2007) .
The rate of inundation is influenced by floodplain geomorphology (Mertes et al., 1995) , density of floodplain channels and the ratio of local drainage basin area to lake area (Lesack and Melack, 1995) . The floodplain presents 93% of the flooded area between 2-6 m of depth (considering the water level reference of 936 cm). The deepest lake is the 'Lago Grande' and the shallowest are the 'Açaí' and Santa Ninha Lakes ( Figure 5 ). Almost 0.04% of the floodplain is below of the sea level (considering the mean altitude of 9 m in the floodplain in relation to sea level (Barbosa, 2005) . The circulation in the floodplain in beginning of December to the end of January is from west to east (Barbosa, 2005; Barroux, 2006) . The main flow channels from the Amazon River to the Curuai floodplain are located in `Lago Grande` situated at east of floodplain, Lake `Salé` at northwest, and Lake `Santa Ninha` at northeast of floodplain (see Figure 1 for location of Lakes). Also, at the low water level the main channel of `Lago Grande` is influenced by dynamic tide (Lima et al., 1995) and becomes the most important channel for water flow from Amazon River into the floodplain (Barroux, 2006) .
In situ Data Temporal domain
The temporal variability of turbidity in the Curuai floodplain was studied using the data collected by an anchored buoy system named Environmental Monitoring System -SIMA ( 
Spatial domain
Turbidity measurements were carried out from 2003 to 2004 at several stations (see Figure 7 for location) at specific Curuai floodplain lake water levels (Table 1 ) using a HORIBA U-10 multi-sensor probe. This equipment provides turbidity measurements in NTU (Nephelometric Turbidity Unit) with a resolution of 1 NTU. The HORIBA calibration was performed for each day of sampling. Sampling locations were defined based on Thematic Mapper sensor image onboard Landsat-5 satellite acquired during similar floodplain stage (Barbosa, 2005) . 
Methodological approach

Time series analysis Fourier Power Spectrum
The turbidity time series was analyzed using the Fourier power spectrum. The function that implements the transform is given by:
, N is the number of points and X is the discrete Fast Fourier
Transform of the turbidity time series.
When performing the periodogram estimate the effect of leakage is very common and data windowing is the solution to this problem (Press et al. 1992 ) Data windowing modifies the relationship between the spectral estimate at discrete frequencies and its continuous (periodogram) spectrum at nearby frequencies. There are many window functions used to prevent spectral leakage, most of them rising from zero to a peak and then falling again, in this work we use Hanning and Hamming windows. The first was used to prevent leakage while the last was used to smooth the resulting spectra. The
Hanning and Hamming window coefficients are, respectively, given by:
The smoothing of the power spectrum is employed to reduce the variance and to increase statistical confidence, or reduce confidence limits. A compromise must be found between strong smoothing (more confidence but stronger bias) and weak smoothing (less confidence but less bias). In this work we run the smoothing using the Hamming window at a variable length. The inferior and superior confidence limits for the spectra area, respectively, given by:
Where χ is the Chi square distribution, df is the number of degrees of freedom, 100 / 1 p a − = and p is the confidence level (95%).
Wavelet Analysis
The time frequency space of turbidity time series was analyzed using the wavelet transform. Wavelet analysis is becoming a common tool for analyzing localized variations of power within an environmental time series (Meyers et al., 1993; Kumar and Foufoula-Georgiou, 1997; Massei et al., 2006) . Decomposing an environmental time series into time-frequency space allows for the determination of both the dominant modes of variability and how those modes vary in time.
We analyzed the turbidity time series obtained from SIMA data by continuous wavelet analysis using the Morlet wavelet as reference analyzing function (the so-called "mother wavelet"). The Morlet wavelet is the most common wavelet transform, which consists of a Gaussian-windowed complex sinusoid defined in the time and frequency domains by:
Where 0 ω is the non-dimensional frequency, here taken to be 6 to satisfy the admissibility condition (Farge, 1992) ; η is a non-dimensional time parameter and ) ( 0 η ψ is the wavelet function.
Wavelet spectral power at different scale (ω ) and time location (τ ) can be calculated by:
Where W is the wavelet transform described below.
The continuous wavelet transform of a discrete sequence n x is defined as the convolution of n x with a scaled and translated version of ) ( 0 η ψ (Torrence and Compo, 1998) . The wavelet transform W for a given time series x is calculated by:
Where * indicates the complex conjugate; t δ is the uniform time step, k' is an integer from 1 to N (number of data points) and n x is the time series data. The scale-averaged spectral-power-based wavelet analysis reflects the average variance for different time scales (frequency or period). The calculation procedures of continuous wavelet analysis were coded in Matlab 6.5 (The MathWorks, Inc., Natick, MA).
Cross wavelet and Coherence
To explain in more detail the importance of wind on turbidity time series evidenced by Alcântara et al. (2008 and In press) we apply the cross wavelet and wavelet coherence in these two time series. The cross wavelet transform of two time series n x and n y is 
is the confidence level associated with the probability p for a pdf defined by the squere root of the product of two 2 χ distributions. Cross wavelet power reveals areas with high common power.
Another useful measure is how coherent the cross wavelet is in time frequency space.
The wavelet coherence could be defined following Torrence and Webster (1998) as:
Where S is a smoothing operator. Notice that this definition closely resembles that of a traditional correlation coefficient, and is useful to think of the wavelet coherence as a localized correlation coefficient in time frequency space. The calculation procedures of cross wavelet and wavelet coherence were coded in Matlab 6.5 (The MathWorks, Inc., Natick, MA).
The high frequency turbidity time series have made it possible the study of bottom resuspension episodes that cause turbidity increases. Particularly in shallow lakes, the effects of wind inducing sediment resuspension have been shown (Booth et al., 2000) .
These wind-induced physical processes are important for sediment transport and can be the dominant (Lou et al., 2000) . We applied a method (Booth et al., 2000) for predicting the wind-induced bottom resuspension in the SIMA location during the low water stage.
Predicting bottom resuspension events from wind-induced waves
Wind speed was measured by SIMA at 3 meters above the water surface (Figure 6 ), and the data were normalized to 10 meters height (Figure 8 -a) using (Justus and Mikhail, 1976) : 
Wind action at the surface of the lake injects energy into the water column and thus generates surface and internal waves as well as mean circulation and turbulence, all of which can lead to vertical mixing (Stevens and Imberger, 1996) . The minimum wind velocity (critical windspeed, c U ) needed to generate wave action reaching the bottom sediment was calculated according to (Booth et al., 2000) :
Where c U is the critical wind speed (in m.s -1 ); c T is the critical wave period and F is the effective fetch (in m) calculated according to (Carper and Bachmann, 1984) .
The basic assumption of this simple model is that the effect of waves is felt down to a depth of approximately 2 L , where L is the wavelength of the surface waves. So, if the water depth (d) is less than 2 L there is a wave energy transfer to the bottom sediments that can result in sediment resuspension.
The critical wave period (T c ) is given by (CERC, 1984) :
The spatial domain
Ordinary Kriging algorithm
Geostatistics is focused on the spatial context and the spatial relationships present in the data (Money et al. 2009 ). It provides tools for quantification and exploitation of spatial autocorrelation, and algorithms for data interpolation and uncertainty quantification (Isaaks and Srivastava, 1989; Goovaerts, 1997) . The autocorrelation structure is used to estimate the variable values at points not sampled in the field (Bellehumeur et al., 2000) . A central aspect of geostatistics is the use of spatial autocovariance structures, often represented by the (semi)variogram, or its cousin the autocovariogram, which differentiate different kinds of spatial variability (Burrough, 2001 ).
We used the ordinary kriging algorithm to interpolate in situ turbidity measurements into a turbidity map. 
Where n is the number of measurements, zi are the corresponding attributes values, and wi are the weights (Isaaks and Srivastava, 1989) .
The semivariogram was fitted with several theoretical models (spherical, exponential, Gaussian, linear and power) using the weighted least square method. The theoretical model that gives minimum standard error was chosen for further analysis.
Theoretical semivariogram models employ three main coefficients scaling the fit to experimental semivariograms: (i) range is a measurement of the curve's horizontal scale and corresponds to the maximum distance of spatial dependence; (ii) nugget effect is the y-intercept height and corresponds to a residual variation at the shortest sampling interval, random and not spatially correlated; (iii) sill is the remaining height of the curve above its y-intercept (nugget), and corresponds to the variance due to spatial structure (Isaaks and Srivastava, 1989 ).
Semivariogram models often have different ranges and/or sills in different directions.
For the case where only the range changes with direction, the anisotropy is known as geometric anisotropy If only the sill changes with direction, the anisotropy is known as zonal anisotropy. The anisotropy modeling (Isaaks and Srivastava, 1989) usually starts with determining the anisotropy axes by experimentally determining the directions corresponding to the minimum and maximum range or sill. The parameters used to realize the interpolation to turbidity samples in each water level are in summarized in 
is the semivariance at lag h , o n h is the semivariance due to angles of anisotropy, ε is the range for the lower anisotropy angle. Gau and Exp are the Gaussian and Exponential models, respectively.
Results and Discussion
Time series analysis
The time series of turbidity collected by SIMA consists of 3764 hourly samples (standard deviation of ± 176.5 NTU) with a minimum, mean and maximum of 1.6, The Figure 8 shows also the time dependence ) (t f of turbidity by an eight-term Gaussian series: ). This pattern of variability will be analyzed by Fourier and wavelet analysis.
In general the time series of turbidity shows a response to flood pulses in Curuai floodplain (Alcântara, 2006) . The highest values of turbidity occurred in the low water level regime, which can be attributed to sediment resuspension events generated by waves at sufficiently high wind intensity. To characterize the main periods of variability of the whole time series a Fourier power spectrum will be applied.
The The high mean values and standard deviation of turbidity in the low water level regime are caused mainly by wind action. In Curuai floodplain the wind speed can reach 10 m.s -1 (see Figure 11 ). The wind stress induces an energetic wave-affected layer in which both large-scale orbital movements and the dissipated turbulent energy are important. The proximity of the surface and bottom boundaries in shallow lakes often generates a completely mixed water column during the resuspension events (Booth et al., 2000; Cózar et al., 2005) . During the observational period winds acquired by SIMA at 'Lago Grande' varied from 0.2 to 10 ms -1 with a preferential direction from southeast to northwest (Figure 11 ). To check the possibility of cause sediment resuspension during the low water level (November, December and January) we will apply the critical wave period (CERC, 1984) . Our analysis of the suitability of wind to cause resuspension in the high water level was supported by who show a rate less than 0.2 cmh -1 of water level change.
We check this for November (2004), event E1, when the variability is more high than the other months of the whole time series; December (2004), event E2, when the variability is small than November and January (2005), event E3, where the peaks of variability is more feasible to separate due to a small events of high turbidity.
The first event (E1) corresponds to low water level, the event E2 corresponds to the flow of water from the floodplain to the Amazon River; and the event E3 takes place when the water level begins to rise in response to the water flowing into the floodplain from the Amazon River
The events E1, E2 and E3 can probably be attributed to the combination of high wind intensity and the shallow water level. In agreement to (Carper and Bachmann, 1984 ) the surface waves produced when wind blows across surface water cause the bottom resuspension and temporarily increase the turbidity.
The event E1 has a minimum, mean and maximum wind velocity of 2.75, 5.47 and 9.02 ms -1 and preferential wind direction from northwest to southeast (Figure 12-a The critical windspeed (ms -1 ) for event E1 is 0.44 and 1.04 (ms -1 ) for E2 (Table 3) .
For events E3 the critical wind speed is 1.14 (ms -1 ). Wind speeds above these values make suitable the bottom resuspension in the SIMA location. In both, E1 and E2 is suitable for the wind-induced bottom resuspension. In the Event E1 with peak of high turbidity and low turbidity marks an incident of unusually low turbidity in the low water level, in spite of the wind speed being above the critical threshold at which sediment resuspension can occur. However, due to the duration of the minimum wind speed (2.75 m s -1 ) registered by SIMA is low when compared with the time series in this water stage. As a consequence a decantation of suspended solids occurs due to the end of the wind action in the surface water.
In accordance to (Moreira-Turcq et al., 2004 ) the silt and clay dominate the suspended solids in Curuai floodplain (87-98%), and at the end of wind action and the decrease of the current velocity would cause particle settling. In the low water stage the depositional processes in lakes and channels are disrupted by the wind induced resuspension of sediments (Maurice-Bourgoin, 2007) and bioturbation in shallow lakes (Maia et al., 2008) .
A cross-wavelet analysis and coherence will applied to register the importance of wind action on turbidity behavior.
Cross wavelet spectrum and wavelet coherence
The cross wavelet spectrum between turbidity and wind intensity time series shows a high agreement in the first 500 hours (~20 days The agreement between turbidity and wind decreases with the raising water level when the wind doesn't cause sediment resuspension any more. As pointed out by Alcântara (2006) in high water level the turbidity values are low due to fine sediment decantation (see Figure 2) . So the high agreement migrate for higher periods (Figure 13 a) following the water level dynamics (see Figure 4) . And the coherence migrates too (Figure 13-b) . This influences of wind action and water level dynamics influenced not only the time series domain but also in whole lake.
In order to investigate differences in turbidity between the various lakes in the Curuai floodplain, the spatial turbidity distribution over the entire floodplain is determined by applying the ordinary kriging on turbidity collected in situ by a HORIBA U-10 multisensor.
Spatial Analysis
Using a scatterplot the performance of ordinary kriging to interpolate the in situ turbidity data was evaluated for each sampling campaign (Figure 14) . The performance of all interpolated in situ turbidity data was statistically satisfactory and reliable. The most accurate interpolation was the one made for the data in the high water level regime (RMSE =3 NTU), while the interpolation for the low water level regime was the least accurate (RMSE =25 NTU).
This is a result of the water level stability and low standard deviation in the high water level regime (mean=31.46, see Figure 7 -d), and the high standard deviation (mean=771.11, see Figure 7 -b) and sediment resuspension events in the low water level regime (see Table 3 ).
All in situ turbidity data were interpolated using the ordinary kriging algorithm to assess the turbidity distribution and variability in response to flood pulses ( Figure 15 ).
According to (Bonnet et al., 2008) In the rising water level regime (Figure 15-a) , the flow from the Amazon River to the Curuai floodplain starts in a channel located at the eastern border of the lake, then migrating to small channels at the northwestern border (Alcântara et al, In press ). The yellow circle 1 marks a region of high turbidity formed by the water from the Amazon River entering through the channel located at the eastern border.The region of high turbidity marked by the yellow circle 2 was formed by water entering through the small channels located on the northwestern side. The yellow circle 3 marks a region of low turbidity, which is explained by the existence of a natural barrier as explained above (see Figure 5 ).
In the high water level regime (Figure 15-b) the input of water from Amazon River is lowest and the turbidity tends to be spatially homogeneous (Alcântara et al. 2008 ). The areas of high turbidity (marked 1 and 2) correspond to the small channels connecting the floodplain with the Amazon River. Area 3 also corresponds to a connecting channel, however the turbidity is low. This occurs probably because this channel is the first to cease water input to the floodplain. Area 4 has a low turbidity due to the forest cover favouring a decrease in flow velocity and particle settling (mainly clay and silt, see Figure 2 ) because of lower hydrodynamics.
In the receding water level regime (Figure 15-c) the preferential direction of flow is from west to east (Barbosa, 2005) . As a result, the regions marked 1 and 2 in Figure 12 c show a high turbidity due to the friction of water at the channel borders. The high turbidity in area 3 stems from suspended solids entering from the east channel connected to the Amazon River. The receding water level stage causes a condition of turbulent flow, leading to increased turbulence.
In the low water level regime (Figure 15-d) , exchange between the Amazon River and the Curuai floodplain reaches a minimum and the turbidity variability is mainly wind-driven. As discussed above, the preferential wind direction is from southeast to northwest (Figure 11 ), causing water to pile up and generate a dowelling near the channel margins and an upwelling in the opposite direction. These regions are marked by the yellow circles 1 and 2. 
Conclusions
This result shows the importance of high frequency and spatial data in limnological studies in aquatic complex systems (i.e. Amazon floodplain) in contrast to conventional studies with only occasional sampling can lead to misinterpretation of the turbidity behavior.
1. The flood pulse that occurs with the rising waters of the Amazon flood introduces turbidity from 80 to 180 NTU. The wind effect at low water stirring up the bottom sediments leads to turbidities exceeding 1100 NTU. Therefore, the highest turbidities and the greatest variability are caused by wind blowing over shallow water. Major resuspension of sediment due to wind occurs and produces turbidity far greater than the initial turbid waters entering the lakes.
2. The analysis of turbidity samples spatially distributed with ordinary kriging algorithm showed the same dependence observed in the time series.
3. Ordinary kriging maps show the spatial distribution of high turbidity in the floodplain for the different water level regimes. At low water level, wind stress is the main driving force generating a high turbidity in the Curuai floodplain.
4. Wavelet analysis of the turbidity time series from a moored station gives insight the duration of re-suspension events due to wind, typically lasting 3 to 6 days.
Clearly, the integration of spatial-temporal data has a great potential for understanding the turbidity dynamics in a complex aquatic system such as the Amazon floodplain. for provides the Wavelet software available at URL:http://atoc.colorado.edu/research/wavelets/. To A. Gristed for provides the cross wavelet and wavelet coherence algorithm software available at URL: http://www.pol.ac.uk/home/research/waveletcoherence/, and Marc von Hobe from Forschungszentrum Jülich (Germany) for revision of the manuscript with respect to English language.
